High-throughput label-free measurements of the optical and mechanical properties of single microparticles play an important role in biological research, drug development, and related large population assays. Mechanical detection techniques that rely on the density contrast of a particle with respect to its environment are blind to neutrally bouyant particles. However, neutrally buoyant particles may still have a high compressibility contrast with respect to their environment, opening a window to detection. Here we present a label-free high-throughput approach for measuring the compressibility (bulk modulus) of freely flowing microparticles by means of resonant measurements in an opto-mechano-fluidic resonator.
High-throughput label-free measurements of the optical and mechanical properties of single microparticles play an important role in biological research, drug development, and related large population assays. Mechanical detection techniques that rely on the density contrast of a particle with respect to its environment are blind to neutrally bouyant particles. However, neutrally buoyant particles may still have a high compressibility contrast with respect to their environment, opening a window to detection. Here we present a label-free high-throughput approach for measuring the compressibility (bulk modulus) of freely flowing microparticles by means of resonant measurements in an opto-mechano-fluidic resonator. The mechanical properties of individual cells (e.g. density, Young's modulus, and compressibility) are important in determining how they interact with their environment. Variations of mechanical properties are also known to correlate with specific disease states including anemia [1] , malaria [2] , and cancers [2] , and can influence cell differentiation [3] . While optical flow cytometry is an extremely powerful tool for single cell analysis and sorting [4, 5] , an equivalent high-throughput single cell mechanical assay is not yet available. Knowledge of mechanical parameters of single microparticles or cells could enable new discoveries and aid the development of next generation diagnostics.
Traditionally, measurement of mechanical properties of individual microparticles requires the application of forces, upon which the mechanical responses (e.g. deformation) can be quantified to determine the properties of interest. Such forces can be applied through direct contact techniques like AFM deformational probing [6, 7] , optical tweezing of adhered beads [8] , micropipette aspiration [9] , and mechanical resonator loading [10] [11] [12] . These methods, however, are inherently slow since the analyte particle must be temporarily immobilized. In contrast, flow-through type sensors can offer much higher throughput measurements, for instance, single cell mass can be rapidly measured by flowing it through an internal channel within a mechanical resonator [13] . Such methods, however, have so far relied on the density contrast of a particle with its environment and therefore cannot detect neutrally buoyant particles. The solution to detecting neutrally buoyant particles lies in their compressibility contrast against their environment, which can open a window to detection. Recently, Hartono et. al. demonstrated [14] a non-contact compressibility measurement for single cells using the acoustic radiation force and cell trajectories. However, the direct measurement of single microparticle compressibility with high throughput has not yet been achieved. * hankewen1@gmail.com † bahl@illinois.edu In this work, we report a new acoustic-based highthroughput technique for measuring the compressibility of single particles without physical contact, using an opto-mechano-fluidic resonator (OMFR) [16, 17] . These fused silica microcapillary resonators are cavity optomechanical sensors [18] [19] [20] [21] [22] that support ultrahigh-Q optical modes coupled to co-localized mechanical (phonon) modes of the structure. Fluid analytes can be flowed internally without influencing the optics ( Fig. 1(a) ). Phonons within the mechanical resonant mode permeate the entire cross-section of the capillary, including the fluid, casting a near-perfect net for measuring particles flowing inside. All particles in the sample must transit and perturb the phonon modes ( Fig. 1(b) turn perturb the optical readout due to the optomechanical coupling ( Fig. 1(c) ) [15] . Previously, sensing of fluid density and speed of sound [16, 17] , fluid viscosity [23] , and flowing particles [15, 24] have been demonstrated using this platform. A recent report [24] showed particle detection rate of exceeding 50,000 particles-per-second, without any binding, labeling, or reliance on random diffusion. It has also been shown [15, 25] that the size, position, density, and compressibility of the flowing particles, and the vibrational modeshape of the OMFR, all influence such measurements. The contributions of these individual parameters can be modeled using a Helmholtz equation [15] , resulting in the a linearized model in the limit of small perturbations as follows:
where
. ∆f = f 2 − f 1 is the frequency difference between the perturbed situation i.e. with a particle present (denoted by subscript "2") and the unperturbed situation (denoted by subscript "1"). The subscript "s" denotes the particle such that κ s (V s ) represents the particle compressibility (volume). The subscript " " denotes the liquid core such that κ (ρ ) is the compressibility (density) of the fluid. For the OMFR mechanical mode under consideration W sp (W sk ) is the acoustic potential (kinetic) energy in the fluid, but evaluated only over the volume displaced by the particle. W p (W k ) is the acoustic potential (kinetic) energy in the entire liquid core including the particle. The operation · denotes the time average over the period of oscillation T as 1 T t+T t · dt. Therefore, A and B represent sensitivity factors of the OMFR to the added particle and are both spatially dependent.
The above model is derived using the Helmholtz equation with the consideration of the fluid portion of the resonator cavity alone, which does not incorporate the acoustic pressure modification by the particle, i.e. the scattering effect. To more accurately predict the frequency shift, we must incorporate both the pressure field modification by the particle and the energy change of the resonator shell into our model. We thus derive a new perturbation model below, in which we leverage energy conservation, including all energy components of the resonant motion. Using this model, we will be able to quantify how the change of each parameter (i.e. particle size, material properties, acoustic field etc.) contributes to the resonant frequency change. Moreover, we will be able to explicitly model the contribution from the particle properties and from the acoustic scattering effect.
For a harmonic oscillator, the average kinetic energy per oscillation cycle must equal to the average potential energy per oscillation cycle. For the OMFR, when there is no particle in the resonator, this relation can be expressed as:
where W wp (W wk ) is the elastic strain (kinetic) energy associated with the resonator shell or wall "w". We can then express this unperturbed situation as follows:
where ρ w (V w ) is the shell material density (shell volume), V is the resonator's fluid core volume, and Ω i is the frequency of the vibrational mode. Again, the subscript "1" denotes the unperturbed case. By assuming the oscillation to be time harmonic, i.e. the elastic displacement of the shell is U i (r, t) = u i (r) cos(Ω i t) and the pressure field P i (r, t) = p i (r) cos(Ω i t), we can further simplify Eqn. 3 to:
We now place a particle of volume V s inside the resonator liquid volume at some fixed location and rewrite this energy balance as:
For added simplicity, we further assume that the elastic displacement field of the shell does not change when the particle is added, i.e. u 1 = u 2 = u, and thus W wp1 = W wp2 . We can then subtract Eqn. 5 from Eqn. 4 and obtain:
where we have introduced the following notations:
2 dV , and F = ρ w Vw | u| 2 dV . Since the frequency perturbation is assumed to be small compared with the resonance frequency, we have: 
The terms T 1 − T 2 and G 1 − G 2 represent the liquid volume excluding the particle, and are thus non-zero due to the scattering effect. The effect is subtle but still observable in the FEM simulation in Fig. 1(a) and (b) . In theory, by simulating both the perturbed and unperturbed situations, we can use Eqn. 7 to calculate the frequency perturbation quite precisely. However, the computational model has to be accurate enough to get a good estimation of all the difference terms in the numerator of Eqn. 7, which is challenging and computationally expensive. Nonetheless, if we can theoretically calculate the scattering field in the future, we should be able to get a much better prediction. Presently, we can further simplify Eqn. 7 by neglecting the scattering effects such that that
and g 1 = g 2 = g. We then obtain:
Finally, by defining Ω 2 = 2πf 2 and Ω 1 = 2πf 1 , and treating G = V −Vs |∇p| 2 dV ≈ V |∇p| 2 dV for the denominator since the particle is much smaller compared to the mode volume, we obtain the perturbed resonance frequency
where C =
. As we can see, the frequency perturbation prediction equations derived from the energy balance (Eqn. 9) and the Helmholtz equation (Eqn. 1) have very similar form. Essentially, the frequency perturbation occurs due to the modification of system potential energy through compressibility contrast and the modification of system kinetic energy through density contrast. The energy term in the denominator is the only difference given by the two methods. The influence this difference makes in the frequency perturbation predictions is small (for resonators with thin shell) as shown later in Fig. 2 .
In order to verify the theoretical model, we performed a series of experiments on 6 μm polystyrene particles and 6 μm silica particles (Corpuscular 100235-10). The OMFR that we used has approximate maximum outer diameter of 55 μm and estimated wall thickness of 4.5 µm, and supports a 34 MHz breathing vibrational mode. The experimental setup has been described in detail previously in [15] (Fig. 1 (c) ). The material properties of the particles [26] used are summarized in Table I , where c P (c S ) is the P-wave (S-wave) acoustic velocity. Measurements of the frequency perturbations generated by each of these particles are shown in Fig. 2 , as a function of particle radial location relative to the OMFR center axis. 
FIG. 2:
Experimentally measured frequency shifts of the phonon mode, using 6 μm polystyrene and silica particles as perturbers. Lines represent analytical predictions. The particle position is subject to both the fitting error (shown here by the error bar) and a roughly 2 μm error in determining the central axis of the OMFR [15] .
To compare the results between the Helmholtz method and the energy balance, we first performed a finiteelement simulation of the unloaded resonator using the method described in [27] . The simulation results are used to estimate the A, B, C, and D parameters as a function of particle location (Fig. 3) . A third-order-polynomial curve fit is generated for each parameter. These fits are then used to predict the frequency perturbation using Eqn. 9 and Eqn. 1, which are also plotted in Fig. 2 . While the predictions from either model can be used to qualitatively describe the experimental results, there is appreciable deviation between the predictions and the measurements -the prediction overestimates frequency shifts when the particles are close to the center axis of the OMFR and underestimates frequency shifts when particles are away from the center axis.
We note that the mismatch between the experimental data and predictions has similar feature for both silica and polystyrene particles. We thus propose to utilize one of the particles for calibrating the system, and that a single empirical scaling parameter N can be introduced into Eqn. 1 such that:
In this study, we have selected to use the 6 μm silica particles for calibration to obtain N . We first perform a least-square curve fit using the silica test data with N as an unknown parameter and all the other parameters as known (Fig. 4(a) ). Here, we use the material properties from Table I and N = 0.768 ± 0.171 is obtained. We then use this empirically extracted N as a known parameter and apply the least-square curve fit for Eqn. 10 again to a set of polystyrene experimental data with the compressibility of polystyrene as the unknown parameter (Fig. 4(b) ). This fit allows us to estimate the compressibility of polystyrene as (2.53 ± 0.26)×10 −10 Pa −1 . The error compared with data provided in Table I is 3%. As a comparison, if we perform a curve fit for Eqn. 10 again but with N = 1, the compressibility extracted is (2.97 ± 0.20)×10 −10 Pa −1 , which is 22% error compared with data provided in Table I . We thus conclude that our single-parameter empirical method has improved the compressibility prediction significantly.
We note that the above method cannot provide accurate sensitivity prediction when the compressibility of the particle is much smaller than that of the ambient fluid. In other words, such particles are extremely rigid with respect to their environment. This can be seen from Eqn. 10 by considering the factor κs−κ 2κ
, such that for κ s << κ a small error in the compressibility contrast due to fitting results in a large relative error in the estimation of κ s . To illustrate this limitation, we now perform a curve fitting with Eqn. 10 to the silica experimental data (which has much lower compressibility than water) to extract the compressibility of silica. However, this time we employ the compressibility of silica as the unknown variable and use N = 0.768 as a known parameter. Since the scaling factor N was found using Table I . The prediction with N = 1 is given as a comparison. (b) The obtained N is now used for least-squares curve fitting to the polystyrene data with the compressibility of polystyrene as the unknown variable. Fitting to the experimental data extracts the compressibility of polystyrene as 2.53 × 10 −10 Pa −1 , which is only 3% different from the data in Table I. The predictions with compressibility  from Table I , with and without scaling factor N , are given as comparisons.
the density and compressibility of silica directly, we can therefore minimize the mismatch between experimental data and theoretical prediction, and find the best possible compressibility estimation using current approach. The compressibility for silica extracted by curve fitting is (1.75 ± 9.00)×10 −11 Pa −1 . The impractically large error bar indicates that we simply cannot trust this extracted value.
The technique that we have demonstrated in this work permits the measurement of compressibility for single particles in fluid media, with high throughput, without contact or labeling. The approach is particularly powerful for measurements on soft particles, or biological particles, that have relatively high compressibilities and for which analysis of large population statistics is critical.
